Service research has emphasized triad relationships between a firm, employees and customers. To coordinate these stakeholders effectively, it is highly important to understand what service activities are beneficial to all or some of these stakeholders. Yet, the recent increase in C2C interaction may make the problem more complex. This study proposes a methodology combining statistical techniques and agent-based modeling, which makes it possible to assess the joint impact of each service value and C2C interaction on the payoffs.
INTRODUCTION
Service research has historically emphasized a triad relationship between three stakeholders: a firm, employees, and customers, as illustrated typically in "Service Triangle" [1] . This consensus is evolving to the paradigm that value is co-created through the interaction among stakeholders. Thus, the term "Value Cocreation" becomes more dominant recently, which is extended over services in the narrow definition, covering manufacturing goods, of which stream is named "Service-Dominant Logic" [2] .
The stakeholders could be essentially conflicting in interest; however, under some conditions, they might be willing to cooperate in order to increase their own payoffs. The school of "Service Profit Chain" focuses on the case that every stakeholder can be better off [3] . Yet, from our viewpoint, value co-creation is not all-or-nothing but a matter of degree. To evaluate the degree of value co-creation based on each stakeholder's payoff, one of the viable ways is using an overall criterion as a function of stakeholders' payoffs. For instance, the framework of Nash bargaining game is applicable, where the product of each player's payoff can be a criterion to maximize [4] .
If the payoff of each stakeholder is quantified, the degree of value co-creation is also quantified. This seems to be accomplished via standard statistical techniques. However, if the effect of customerto-customer (C2C) interaction is considerable, as recent research suggests [5] , such techniques may not work well. To account for such interaction, we attempt to combine agent-based modeling as a non-standard complex science technique with standard statistical techniques. That is, we propose a hybrid approach.
In the subsequent section, we describe our methodology: firstly, we construct modules to measure and predict each stakeholder's payoff; secondly, we model C2C interaction as an agent-based model and combine it with other modules. In section 3, we explain, using the data provided for this study, how to estimate parameters of each module and to construct a C2C network. In Section 4, we report procedures and results of the simulation, focusing on the effects of C2C interaction. Finally, we discuss implications and further development of this study.
MODEL 2.1 Basic Modules
To quantify the payoff that a firm acquires through transactions with each customer, we use Customer Lifetime Value (CLV), which has been accepted broadly for customer relationship management or direct marketing [6] . This is the net present value of a stream of future profits obtained from each customer, which is calculated as follows:
where π it is the profit obtained from customer i at time t, T is the time horizon, and d is the discount rate. The aggregated value of CLV over all customers is termed Customer Equity (CE) [7] .
To calculate CLV, we need to predict future profits from each customer as a function of individual service values via a statistical technique. Following a spirit of several previous studies [8] [9], we propose the following procedure:
1) Initially, each customer is stochastically assigned to a finite number of profitability segments depending on perceived service values.
2) Transitions of customers between the segments are repeated based on a first-order Markov process given a transition probability matrix.
3) The expected profits are given to customers by segments using a linear time-trend model. By aggregating a series of the profits with a certain discount rate, CLV is calculated.
4)
By aggregating CLV over all customers, CE is calculated.
To quantify payoffs for customers and employees, we use Customer Satisfaction (CS) and Employee Satisfaction (ES), respectively, measured via questionnaire surveys. The functional relationship between CS/ES and perceived service values are statistically estimated.
C2C Interaction
In general, C2C interaction is seldom observed directly. In this study, money transfer (i.e., transaction) data between customers is used as a proxy of the degree of interaction. Using this data, we construct a social network of customers with weighted links based on the transaction amount between a pair of customers. Specifically, the C2C interaction process is modeled as follows:
1) Assume that there exists a time period for C2C interaction before determining CS, ES and CLV. At each time step in this interaction period, each customer makes a choice of whether to imitate others or not with probability q (imitation probability), being constant over time and across customers.
2) If a consumer decides to imitate others, then he/she chooses a customer linked on the C2C network with probability:
where θ i is a scale parameter defining the randomness of a choice, y ij is the proportion of customer i's transaction amount with customer j over customer i's total transaction amount, and N(i) is a set of customers linked to customer i on the network. Parameter θι is drawn from a uniform distribution within (θ min , θ max ) initially by customers. The above function is an application of the multinomial logit model.
3) If customer i already decided imitating j, his/her perceived service value is replaced by customer j's one. We back to the first step and repeat these steps S times.
Thus, imitation among customers connected via a C2C transaction network is incorporated into the model. This module is built by agent-based modeling whereby customers as agents mutually interact and change their perceptions [10] . Simulated customer perceptions become inputs to the basic modules.
Empirical Analyses 3.1 Data
Most of parameters of the above-mentioned modules, except parameters used in the C2C interaction module (q, θ min , θ max , and S), are statistically estimated based on the following data: These comprehensive data sets became available thanks to the cooperation of a regional finance service firm in Japan.
Estimation of Basic Models
The surveys conducted in this study measures CS and ES on 7-point scales; their histograms show remarkable skewness, suggesting ordinal linear regression should not be applied because of violation of the assumption that an objective variable is normally distributed in the population. Alternatively, we applied an ordered multinomial logit model that allows for an ordinal objective variable [11] . Main predictor variables are items for measuring perceived service values, which are developed in the project containing this study as a part [12] . These items are classified into customer-perceived ones and employee-perceived ones depending on the source of information. Also, they are classified into three categories depending on the properties of values: fundamental function, knowledge, and emotional values.
In our study, customers and employees are matched based on their transactional relations (in this B2B service, each customer is served by only an employee, whereas an employee can serve several customer). This feature makes it possible to include employee-perceived service values into a set of predictor variables for predicting CS and vice versa. In doing so, it is expected to assess, for instance, how employees perceive a service value item is associated with satisfaction of customers whom they have contacted. Adding some control variables, the ordered multinomial logit models were estimated for predicting CS/ES via a maximum likelihood method.
The same procedure was applied to predict the initial profitability segments. Only the customers who appeared in both the customer profit record data and the customer survey were analyzed (N=1,354). Profitability segments are constructed based on "decile," dividing customers into ten equal-size segments according to the order of their profit levels. As mentioned before, to which initial segment a customer is assigned is predicted via an ordered logit model. To take heterogeneity in customers into the account, the models are estimated for each of five groups: decile 1-2, 3-4... 9-10. Overall, the data of 1,354 customers is analyzed for parameter estimation via a maximum likelihood method.
After that, the transition between ten profitability segments is stochastically predicted via a Markov model, where the transition matrix is estimated using customer profit record from 2011 to 2013. The 2014 data is used for validation of the model. The results of estimated parameters and predictive performance of the above models are available from the author.
Construction of C2C Network
A C2C network is constructed for the customers appearing both in customer surveys and C2C transaction data. In that network, a pair of customers is linked if there is any money transfer between them regardless of the directions. Also, each link is weighted by the amount of money transferred there. The complimentary cumulative distribution function (CCDF) of each node's total transaction amount with others is depicted in Figure 1 . This figure indicates that the transaction amount is highly skew distributed, where a few customers transacting much with others and a number of customers transacting little with others coexist. If the relative intensity of C2C transaction amount represents interaction with others, targeting a few customers with heavy transaction amount will boost its effectiveness of a marketing campaign. 
Simulation 4.1 Contrast Case
As a reference point to which the effects of contagion of perceptions are compared, we consider the case with no C2C interaction, where each customer is independently assigned to some profitability segments and moves between segments in a finite time horizon. Because the outcomes of logit models and Markov model are stochastic, we repeat simulation 1,000 times, getting the distributions and the means of predicted values.
To predict CE, CS and ES for each customer in 2013 or later, we used the observations before 2013. The observations in 2014 were not used for estimation, so these can be used for validation of our model. The Spearman's rank correlation coefficient between predicted and observed values is .944 for profitability segment. The Pearson's correlation coefficient between observed/predicted CE (both are logarithmic-transformed) is .864, excluding cases where CE is zero or negative. It suggests that our CE model is validated at the satisfactory level.
Interaction Case
As mentioned in 2.2, the C2C interaction process is incorporated into our model as an initial phase before the formation of CLV, CS, and ES. The probability of imitation (q) is chosen at random from {0.1, 0.3, 0.5}. The interaction period continues from s=1 to 100. At each step, customers decide whether to imitate others or not; in the former case, the customer chooses a customer and imitates him/her with respect to a specific item of customerperceived service values. A parameter defining the randomness of this choice, θ i , is uniformly distributed in (0, 4) among customers, varying across customers and over time.
In the illustrative case below, we focus a customer-perceived service value "Prestige" (a customer feels the transaction with a firm is prestigious). The sensitivity analysis in contrast case showed that this service value has the largest impact on CE without C2C interaction and the moderate impact on CS. What if C2C interaction is incorporated her? Figure 2 depicts the average trajectory of the perception "Prestige" diffusing over customers with the repetition of C2C interaction given a probability of imitation q. Findings from this figure are summarized as follows: (1) as interaction is repeated more deeply, the average level of the focus perceived service value increases, while its marginal increment decreases (diminishing return); (2) the higher q (the more likely customers imitate each other), the faster the perception is spread across customers. As Figure 2 shows, the predicted increment of the value varies by not only the probability of imitation (q) but also the depth of interaction steps (s). Accordingly, the average payoffs predicted via simulation should be compared with respect to both q and s. Moreover, to quantify the relative impacts of C2C interaction, we calculate multipliers dividing the means in interaction case by the ones in contrast case. Figure 3 shows the multipliers for CLV, CS, and ES by the depth of interaction steps: s=10, 30 and 50 and by the probability of imitation: q=0.1, 0.3 and 0.5, given s. Findings from these are summarized as follows (the detailed results of statistical test are omitted):
1) The impacts of C2C interaction on CE could be a nonlinear function of the depth of interaction (s) and the probability of imitation (q). Within a given set of parameters, these impacts are largest when s=100 and q=0.3 and second largest when s=100 and q=0.1 or 0.3. For the extreme case (s=100 and q=0.5), the impact is rather low.
2) The impacts of C2C interaction on CS monotonically increase or at least not decrease with s and q. Hence, these are maximal when s=100 and q=0.5. Their magnitudes are markedly lower than those on CE.
3) The impacts of C2C interaction on ES are significant except for cases of s=10. However, their magnitudes are relatively very low. The parameter of "Prestige" in the ES model is significant, but its magnitude is not so high. As a result, the impact of C2C interaction on ES is marginal.
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CONCLUDING REMARKS
Integrating traditional statistical methods with agent-based modeling, we developed a methodology to assess the impact of C2C interaction on the payoffs for stakeholders (CS for customers, ES for employees and CE for a firm) for a service business. If a service business is seen as a Nash bargaining game between these stakeholders, the equilibrium is obtained by maximizing a product of all stakeholders' payoffs.
Given the data available, we simulated the C2C interaction process, predict the payoffs and compare those by whether C2C interaction exists or not. Under the scenario that perceived service value "Prestige" is spread over C2C network, the average perceived level of this value increases. This incremental effect differs by the probability of imitation or the depth of interaction. This effect seems to be nonlinear, suggesting the existence of equilibrium of Nash bargaining game between stakeholders.
It should be noted that these results depend on the data (particularly, the distribution of service values over all customers, topology of a network connecting them, etc.) and the assumed mechanism of simulation and the scenario of contagion of perceived service values. To generalize our findings, we need to apply this methodology to another organization in the same industry or firms in other industries.
Here we emphasize the possible contributions of the methodology of this study. Traditional statistical modeling, intensively adopted in service research, lacks enough consideration for C2C interaction. On the other hand, agent-based modeling, developed for handling complex interaction among individual agents, often lacks reliable procedures for empirical validation. Our proposed hybrid methodology would be one of the promising alternatives.
Even methodologically, there are many remaining problems. One of those is to refine statistical techniques so as to infer the causality of perceived service values on payoffs more rigorously.
Another is a more sophisticated treatment of social interaction from the limited amount of information.
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